Epidemiologists are increasingly using natural effects for applied mediation analyses, yet 1 key identifying assumption is unintuitive and subject to some controversy. In this issue of the Journal, Jiang and VanderWeele (Am J Epidemiol. 2015;000(00):000-000) formalize the conditions under which the difference method can be used to estimate natural indirect effects. In this commentary, I discuss implications of the controversial "crossworlds" independence assumption needed to identify natural effects. I argue that with a binary mediator, a simple modification of the authors' approach will provide bounds for natural direct and indirect effect estimates that better reflect the capacity of the available data to support empirical statements on the presence of mediated effects. I discuss complications encountered when odds ratios are used to decompose effects, as well as the implications of incorrectly assuming the absence of exposure-induced mediator-outcome confounders. I note that the former problem can be entirely resolved using collapsible measures of effect, such as risk ratios. In the Appendix, I use previous derivations for natural direct effect bounds on the risk difference scale to provide bounds on the odds ratio scale that accommodate 1) uncertainty due to the cross-world independence assumption and 2) uncertainty due to the crossworld independence assumption and the presence of exposure-induced mediator-outcome confounders. causal inference; difference method; effect decomposition; epidemiologic methods; logistic regression; mediation analysis; natural direct effects; natural indirect effects Abbreviations: NDE, natural direct effect; NIE, natural indirect effect; RD, risk difference.
Epidemiologists invariably rely on statistical model parameters to quantify exposure effects. Often, the precise definition of the effect is not given but is assumed to make sense on the implied logic of the model. For example, in a simple unconfounded model of an outcome regressed against an exposure, intuition might suggest that further adjustment for a mediator would block part of the exposure's effect. The exposure effect that remains is interpreted as the "direct" exposure effect, and the magnitude of the change in the exposure effect upon adjustment is interpreted as the "indirect" exposure effect. This regression procedure, often referred to as the difference method, dates back at least to the early 1980s (1) , but the central ideas can be found in Sewall Wright's work on path analysis (2) . While appealingly simple, it can also be misleading when applied generally. Robins and Greenland (3) were the first to provide counterfactual-based definitions of direct and indirect effects. They defined pure (now mostly known as natural) direct and indirect effects as a contrast of proportions of potential response types. These authors and several others since have shown how use of standard procedures such as the difference method can lead to bias when estimating direct and indirect effects (4) (5) (6) . In this issue of the Journal, Jiang and VanderWeele (7) bring the topic back full circle and give a formal account of how the difference method sometimes provides unbiased or lower-bound natural indirect effect (NIE) estimates on the risk difference or odds ratio scale. Using the difference method requires several assumptions that the authors note may not always be satisfied, even in randomized experiments. As a work-around, they recommend sensitivity analyses (7; see page 5 of their Web Appendix 1, available at http://aje.oxfordjournals.org/).
In this commentary, I discuss issues surrounding one of the assumptions required for estimating natural effects, sometimes referred to as a "cross-worlds" independence assumption. This issue is distinct from the ambiguous clinical or public health interpretation of natural effects that arise from the use of cross-world counterfactuals to define these effects (8) . Here, I note distinctions between the definition, identification, and estimation of NIEs, and I discuss implications for using the difference method as formalized by Jiang and VanderWeele. In particular, I emphasize that even if one accepts them as relevant clinical or public health quantities, and even under ideal conditions of no selection, information, or confounding bias, natural direct and indirect effects will always be compatible with a range of possible values for a given data set, and thus will not be ( point-) identifiable. I argue that a simple modification of the approach presented by Jiang and VanderWeele will provide NIE estimate bounds that better reflect the capacity of the available data to support empirical statements on the presence of mediated effects.
DEFINING NATURAL EFFECTS
Natural direct effects (NDEs) and NIEs are defined using potential outcomes (9) . For an exposure (A), mediator (M), and outcome (Y), the potential outcome Y am represents the outcome that would be observed if the exposure A and mediator M were set to some values a and m, respectively. Similarly, M a represents the mediator that would be observed if the exposure were set to a. For a binary outcome, the NIE on the risk difference (RD) scale can then be defined as
where, for example, a = 1 and a′ = 0. This contrast measures the effect of switching the mediator from the value it would have taken under exposure to a = 1 to the value it would have taken under no exposure, all while holding everyone's exposure fixed to a = 1. While one can question their relevance for estimating clinical or public health intervention effects (8) , natural effects are well-defined mathematical objects, permitting a rigorous derivation of the assumptions needed to identify them.
IDENTIFYING NATURAL EFFECTS
As Jiang and VanderWeele note (7), using the difference method requires no exposure-mediator interactions, in addition to the standard assumptions necessary to identify natural direct and indirect effects (assumptions 2-5 in their Web Appendix 1). One of these is the assumption that the outcome that would have been observed under a and m is conditionally independent of the mediator that would have been observed under a′:
This assumption-referred to as a cross-worlds independence assumption-has been the source of some controversy (8, 10, 11) . Though it is typically described as requiring no uncontrolled mediator-outcome confounders affected by the exposure, it is much stronger than this description suggests, because it requires independence between 2 variables that can never be observed to occur together (i.e., Y a and M a′ ) (12) . This assumption is not guaranteed to hold, even in an ideal setting with no confounding, measurement error, or selection bias. For this reason, Robins and Greenland stated that natural direct and indirect effects cannot be ( point-) identified, even in an ideal randomized experiment (3).
ESTIMATING NATURAL EFFECTS
Nevertheless, if the following 3 conditions are met: 1) there is no exposure-mediator interaction on the relevant scale of interest, 2) there is no uncontrolled confounding of the exposure-outcome, exposure-mediator, and mediatoroutcome relationships, and 3) the cross-worlds independence assumption holds, Jiang and VanderWeele (7) show that the very simple difference method will consistently estimate the NIE on the risk difference scale, or will yield a lower bound on the odds ratio scale. As they detail in their Web Appendix 2, the approach relies on a decomposition of the total effect (TE) into natural direct and indirect components:
Thus, if the following 2 linear regression models are correct:
it follows that the NIE can be computed as RD NIE ¼α 1 Àβ 1 , whereα 1 andβ 1 are, for example, maximum likelihood or ordinary least squares estimates.
Yet, in light of the uncertainty regarding condition 3 above (8), it will always be the case that a given data set (from an observational study or randomized trial) is compatible with a range of values for RD NDE and thus RD NIE (13) . Consequently, a researcher may use the difference method and erroneously conclude that an indirect effect is present only because the NDE was underestimated due to a violation of condition 3. Moreover, because this uncertainty derives from how natural direct and indirect effects are defined, use of more complex methods (e.g., marginal structural models (14)) would not resolve the problem. Further still, this error would not be resolved using a more focused study design (such as a randomized trial in which the exposure and mediator assignment mechanisms were specifically chosen to minimize violation of condition 3) because of the cross-world nature of this key assumption. Indeed, point-identification of natural effects can only be done in a randomized crossover trial with no period or carryover effects (3). Otherwise, it would be necessary to conduct a trial in which one could literally turn back time and observe what the mediator value would have been for the same individual under exposed and nonexposed states.
BOUNDING NATURAL EFFECTS
When using the difference method with a binary mediator, one solution to this problem is to estimate upper and lower bounds for the NDE that are compatible with a given data set, and use them as the second term of the equation for RD NIE .
Several authors have derived bounds for the NDE under a range of circumstances (12, 13, (15) (16) (17) (18) 
Subtracting the upper bound of the NDE from the total would yield a conservative estimate of the NIE and would protect against the ambiguities that derive from assuming independencies about potential outcomes under incompatible exposure states. If conditions 1 and 2 hold and a positive NIE remains after using the difference method with the upper bound of the NDE, researchers can make clearer judgements about the role of condition 3 as an alternative explanation for their positive results.
NONCOLLAPSIBILITY QUANDARIES
Making sense of these issues becomes more challenging when odds ratios are used and thus noncollapsibility may be in play. Two potential complications merit consideration. First, while Jiang and VanderWeele's notation is clear on this point, less technical readers should be aware that mediator-outcome confounders must be included in Jiang and VanderWeele's first model (i.e., without the mediator) in order for their result 2 to hold. Second, the authors note that their models 3 and 4 "may not be compatiblewith each other" (7, p. 000); but theyalso assert that "logistic regression models with and without the mediator may both hold at least approximately" (7, p. 000), suggesting that the difference method may often yield NIE estimates that are close to the truth. However, previous work has shown that this approximation depends on a rather strict parametric condition: that the mediator follows a homoscedastic normal distribution (19) or (the less well known) Bridge distribution (20) .
In a given research context, it is difficult to gauge how close the approximation may be, especially if the mediator is highly skewed or binary, further warranting the use of bounds for natural effects. In the Appendix, I derive bounds for the NDE on the odds ratio scale that can be used to better accommodate the uncertainty inherent in NIE estimates. Importantly, however, all issues related to noncollapsibility disappear when one uses collapsible measures of effect, such as the risk difference or risk ratio. Several methods for estimating risk ratios in a range of settings are available (21) (22) (23) (24) .
THE RECANTING WITNESS PROBLEM
A final concern merits deliberate and careful consideration in applied settings: the situation where confounders of the mediator-outcome relationship may be affected by the exposure, as depicted in Figure 1 . Such mediator-outcome confounders (C MY in Figure 1 ) have been referred to as "recanting witnesses" (25) . This term, coined by Avin et al. (26) , is meant to indicate that along the X → C MY → Y path in Figure 1 , the variable C MY operates as though it is in, for example, an unexposed state. However, along the path X → C MY → M → Y, this same variable operates as though it is in an exposed state. Thus, C MY "recants its testimony," so to speak, changing the story about whether it is operating in an exposed state or an unexposed state, depending on the path from the exposure to the outcome. Though not generally recognized, the presence of such variables limits the utility of natural effects to scenarios in which the exposure affects the mediator within a short time span (27) .
While this limitation markedly curtails the realm of applicability for natural effects, their use in epidemiologic research is nevertheless increasing (8) . One potential solution would be to apply bounds that account for both the crossworld independence assumption and the presence of recanting witnesses. Such bounds have been derived for additive measures of effect (12) . I extend these bounds to the odds ratio scale in the Appendix.
Though it is shrouded in some controversy, use of natural direct and indirect effects is becoming more common in epidemiology. Reporting bounds for these effects would do Figure 1 . Mediation setting with exposure X, mediator M, and outcome Y in which confounders of the mediator-outcome relationship C MY are affected by the exposure. In the context of natural effects, such confounders are sometimes referred to as "recanting witnesses" in that they operate as though they are exposed in the path X → C MY → Y but operate as though they are unexposed in the path X → C MY → M → Y. Natural effects are not identifiable in the presence of such variables. This lack of identifiability is independent of the identifiability that stems from the cross-world independence assumption.
Bounding Natural Direct and Indirect Effects 3 
For a = 1 and a′ = 0, the numerator of equation A1 can be rewritten as B/ (1 − B) , where
One can link the counterfactual quantities PðY a;m¼0 ¼ 1jM a 0 ¼ 0; xÞ and PðY a;m¼1 ¼ 1jM a 0 ¼ 1; xÞ to the observed data by noting that the probability of the observed outcome, conditional on the observed exposure and mediator, can be written as a weighted combination of the potential outcomes:
These combinations of potential outcomes can be used to obtain upper and lower limits for natural effects based on the observed data. Following section 2.2 in the article by Richardson and Robins (28) and the derivations shown in Appendix C of the article by Robins and Richardson (13) , the x-adjusted upper and lower bounds for the numerator of equation A1 is B′/(1 − B′), where
The x-adjusted upper bound for the NDE on the odds ratio scale can thus be computed from the observed data as
the log of which can be used instead of θ 1 , as documented in the article by Jiang and VanderWeele (7), to provide a lower bound for the natural indirect effect (NIE) on the log odds scale. It follows from Jiang and VanderWeele's result 2 (7) that the lower OR NDE bound estimated in this way reflects the uncertainty due to violations of our condition 3 (see main text), as well as noncollapsibility of the odds ratio. (7) . When marginal quantities are preferred, one can marginalize the probabilities in the min( ) and max( ) arguments of equations A2 and A3 over x via inverse probability weighting (29) or marginal standardization (30) .
In their paper, Tchetgen Tchetgen and Phiri (12) derive similar bounds on the additive scale that additionally account for uncertainty due to the presence of exposure-induced mediator-outcome confounders, as displayed in Figure 1 (see main text) . These bounds can be extended to the odds ratio scale by noting that B′ can be rewritten as 
